The estimation of dominance effects requires the availability of direct phenotypes, i.e. genotypes and phenotypes in the same individuals. In dairy cattle, classical QTL mapping approaches are, however, relying on genotyped sires and daughter based phenotypes like breeding values. Thus, dominance effects cannot be estimated. The number of dairy bulls genotyped for dense genomewide marker panels is steadily increasing in the context of Genomic Selection schemes. The availability of genotyped cows is, however, limited. Within the current study, the genotypes of male ancestors were applied to the calculation of genotype probabilities in cows. Together with the cows' phenotypes, these probabilities were used to estimate dominance effects on a genomewide scale. The impact of sample size, the depth of pedigree used in deriving genotype probabilities, the linkage disequilibrium between QTL and marker, the fraction of variance explained by the QTL and the degree of dominance on the power to detect dominance was analyzed in simulation studies. The effect of relatedness among animals on the specificity of detection was addressed.
INTRODUCTION
In the context of genomic selection in dairy cattle, an abundance of bulls has been genotyped applying genome-wide dense marker panels. In 2010, the European reference population comprised more than 17,000 bulls representing more than 20 million daughters (LIU et al. 2011; LUND et al. 2010) . In addition to their utilization in genomic prediction, these data are extensively used in genome-wide association studies to unravel the genetic factors affecting performance and functional traits. The expression of these traits is naturally limited to female individuals and thus, the phenotypes used in association studies are usually breeding values of sires based on performance data of many daughters. Such a structure of data only allows the estimation of allele substitution effects. There is no direct possibility to distinguish between additive and dominance effects. For the detection of these allelic interactions, genotypes and phenotypes had to be known in the same individuals. As compared to the bulls, the availability of genotype data for cows is limited. With the increasing number of genotyped bulls, genotypes of male ancestors become available for many cows enabling the derivation of genotype probabilities. Within the current study, these probabilities were converted to additive and dominance coefficients suitable for regression analysis analogous to the procedures commonly applied to QTL mapping in resource populations (HALEY and KNOTT 1992) . The derivation of coefficients is not applied to inter-marker intervals based on recombination fractions, but to unknown genotypes at given SNP marker positions. At a specific marker locus with two alleles A and B, the probabilities of the possible genotypes AA, AB and BB can be deduced in cows based on the male ancestor's genotypes and the allele frequencies in the population. The approach implies a loss of statistical power as compared to the utilization of real genotype data. A large number of genotyped bulls and an extensive number of daughters per sire, however, should compensate these limitations.
Alternative methods to deduce genotype probabilities include "peeling" algorithms based on the ideas of ELSTON and STEWART (1971) , Monte Carlo methods (e. g. GUO and THOMPSON 1992 or HENSHALL and TIER 2003) or Bayesian approaches. These methods are computationally infeasible for the very large data sets as used within the current study. Approaches to impute genotypes based on phase information are inapplicable because this would require at least partly genotyped females. We conducted a series of simulation studies to discover both the capabilities and limitations of the method and to evaluate the importance of factors like allele frequencies, sample size and size of daughter groups. Subsequently, the approach was validated in a large German Holstein data set. The method presented herein enhances the utilization of existing large data sets to dissect the genetic architecture of important performance and functional traits in dairy cattle.
MATERIAL AND METHODS

Derivation of genotype probabilities
To calculate the three genotype probabilities ‫,)ܣܣ(ܲ‬ ‫)ܤܣ(ܲ‬ and ‫)ܤܤ(ܲ‬ for a biallelic SNP marker with two alleles A and B and the respective allele frequencies p and q in a cow, we considered pedigrees including at least a genotyped sire and maternal grandsire ( Figure 1 ). For any genotyped bull, the probability to transmit allele A is ‫)ܣ(ܲ‬ = 1 in homozygous ‫,)ܣܣ(‬ ‫)ܣ(ܲ‬ = 0.5 for the heterozygous ‫)ܤܣ(‬ and ‫)ܣ(ܲ‬ = 0 for the alternative homozygous state ‫.)ܤܤ(‬ The probability to transmit allele B is ‫)ܤ(ܲ‬ = 1 − ‫.)ܣ(ܲ‬ This information is unavailable for the female individuals. Therefore, the respective population frequency of the allele was used as an approximation for the transmission probability from the maternal granddam to the dam of the cow under consideration. The genotype probabilities for the dam ܲ ‫,ܣܣ(‬ ‫,ܤܣ‬ ‫)ܤܤ‬ are the conditional probabilities emerging from this approximation and the known genotypes of the maternal grandsires as summarized in Table 1 . The allele frequencies were estimated from the bull data set assuming that the allele frequencies in the cows are not considerably different from those observed in the bulls. For a given cow, there exist nine possible scenarios conditional on the genotypes of the sire and the maternal grandsire ( Table 2 ). The respective genotype probabilities can be calculated once and assigned to the cows by looking up the precalculated values. However, based on the genotype probabilities presented in Table 1 , the transmission probability for allele A of the dam conditional on the genotype of the maternal grandsire ‫ܣ(ܲ‬ ‫ܶܩ|‬ ீௌ ) can be calculated as the sum of the probability of being homozygous AA and half the probability of being heterozygous:
The second summand within the numerator in this case is equivalent to the transmission probability of the maternal grandsire ‫ܣ(ܲ‬ ீௌ ). Thus, the three equations can be jointly expressed as
Equivalently, the transmission probability for allele B ‫ܤ(ܲ‬ ) can be calculated as
The probabilities for the homozygous genotypes in the cow are finally calculated from the sire's and dam´s transmission probabilities as follows:
The probability of being heterozygous is simply calculated as ‫ܤܣ(ܲ‬ ௪ ) = 1 − ‫ܣܣ(ܲ‬ ௪ ) − ‫ܤܤ(ܲ‬ ௪ ). It is also possible to directly calculate the cow´s probability of being heterozygous as:
Referring to Table 1 and considering the example of a sire with genotype AA and a maternal grandsire with genotype BB, the probability can be calculated as: Table 2 ).
This calculation would allow distinguishing between different parental origins of the alleles resulting in the two probabilities ܲ൫‫ܣ‬ ௧ ‫ܤ‬ ௧ ൯ and ܲ൫‫ܤ‬ ௧ ‫ܣ‬ ௧ ൯, which could be used to analyze imprinting effects. This was, however, out of the scope of the current study.
For practical reasons, all calculations were based only on the paternal transmission probability ‫ܣ(ܲ‬ ௌ ) and the frequency of the rare allele ‫)ܣ(݂‬ = ‫‬ representing the minor allele frequency (MAF). ‫ܤ(ܲ‬ ௌ ) and ‫)ܤ(݂‬ = ‫ݍ‬ were thus replaced by 1 − ‫ܣ(ܲ‬ ௌ ) and 1 − ‫,‬ respectively. The approach can readily be adapted for deeper pedigrees. With the inclusion of a genotyped maternal greatgrandsire (GGS), i.e. three ancestral generations, the probabilities for the homozygous genotypes of the cow under consideration can be calculated similarly to the procedure described above. The 
Thus, the probabilities for the homozygous genotypes in the cow under consideration can be calculated as:
The inclusion of a further generation (great-greatgrandsire = GGGS) consequently leads to the following transmission probabilities in the dam:
To generalize the approach for any number N of ancestral generations, the generations were numbered such that the cow under consideration represents generation '0' (Figure 1 ). The parents of the cow are generation 1 (SIRE 1 = Sire and DAM 1 = Dam), the maternal grandparents are generation 2 (SIRE 2 =Grandsire, GS and DAM 2 ), the parents of DAM 2 are generation 3. Defining N as the number of ancestral generations, the genotype probabilities can be calculated as follows: 
Simulation studies
To verify the functionality of our approach and to determine the necessary sample size to sufficiently detect dominance effects, populations of completely unrelated cows were simulated. This was achieved by assigning an individual sire and grandsire per cow exclusively. A single biallelic marker in complete LD with a nearby QTL was simulated. The sire genotypes for that marker were sampled from a population in Hardy-Weinberg equilibrium given a minor allele frequency (MAF) of 0.3. By utilizing the presented method for deriving genotype probabilities, the two coefficients add and dom were calculated for each cow based on the genotypes of sire, damsire and the allele frequency. Furthermore, we assigned a true genotype for every cow by sampling genotypes given the probabilities presented in Table 2 . This 'true' genotype was used as a reference for the assignment of genetic effects to the simulated QTL. Phenotypes were calculated by assuming a defined phenotypic variance multiplied by a given heritability of h² = 0.25 leading to the additive genetic variance. The sizes of the simulated QTL effects were determined as a multiple of the additive genetic standard deviations (ߪ ), with the additive effect being a half of the genetic standard deviation and the dominance effect making up half the size of the additive effect. Finally, a random residual effect was assigned to every phenotype.
Subsequently, the influence of various properties of the created population and the features of the simulated QTL on the power of detection was tested by separately varying the sample size, the number of considered generations, the minor allele frequency, the LD between QTL and marker, the fraction of variance explained by the QTL, and the degree of dominance. The effect of sample size was analyzed by a stepwise increase of up to 10 6 cows. In order to achieve a better resolution across the entire range of N, a reduced heritability of 0.2 and a smaller QTL effect of 0.2 additive genetic standard deviations were applied. The latter scenario was carried out with 'true' genotypes as well as with genotype probabilities. The different scenarios are described in Table 3 . For each scenario, 1,000 iterations were performed and the power was defined as the rate of positives in the total number of iterations. The significance criterion was fixed to 5% probability of error after a Bonferroni correction to account for multiple testing. For this correction, 40,000 informative markers were assumed, which is a realistic scenario for the application of the Illumina 50k SNP tenth of the variance explained by markers was equally assigned to ten of the markers, therefore each simulating a strong QTL. The dominance ratio was randomly assigned within these ten markers. The remainder of markers was left without any effect. Subsequently, the effect of a varying family size was tested. For this purpose, the number of descendants per sire was varied from 50 to 5,000 daughters, leading to different proportions of cows with identical sires and maternal grandsires, thus representing groups of animals with uniform genotype probabilities. For each family size, the specificity was calculated as the number of true negatives divided by the sum of true negatives and false positives.
To correct for relationship among animals as a source of stratification, especially due to sires with a very large number of daughters, a single marker linear mixed model regression using Residual Maximum Likelihood (REML) was applied. Therefore, a relationship matrix based on dam, sire and damsire was used with the following model.
where y is a vector of phenotypes, b is a vector of fixed effects consisting of the intercept and the coefficients add and dom and X is the incidence matrix for the fixed effects. The vector a represents the random effects with ~ܰ(0, ߪ ଶ ), where A is the additive genetic relationship matrix. Z is the incidence matrix for the random effects and e is a vector of residuals with ~ܰ(0, ߪ ଶ ), I representing an identity matrix. To test for significance, a Wald t-test was applied, where the denumerator degrees of freedom were numerically estimated (KENWARD and ROGER 1997) .
Application to a real data set
In order to validate the procedures with real data, phenotypic and pedigree data of 847,000 German Holstein cows were obtained from the vit -Vereinigte SNPs were filtered for their minor allele frequency and missing genotypes per locus.
The thresholds were set to 0.05 and 0.1, respectively. Based on available pedigree information, a sample of ~470,000 cows per trait with complete phenotypic data and genotyped sires and maternal grandsires was assembled (Table 4 ). The cows descend from 2,081 bulls of which 1,916 do occur as sire and 1,981 as grandsire. A total of 86,254 unique sire-damsire combinations were observed. The data set consisting of the bull's genotypes, the pedigree and the yield deviations of the cows is available in the supplemental material. For this sample, the add and dom coefficients were calculated according to the procedure developed within this study and phenotypes were regressed onto the coefficients applying a simple linear regression model as outlined above.
Furthermore, the mixed model approach as described above was applied to correct for family based stratification. This approach is computationally challenging on a genomewide scale. Thus, a two-step approach was applied, which is equivalent to the previously described genomewide rapid association using mixed model and regression (GRAMMAR) approach (AULCHENKO et al. 2007 ). It offers a way to efficiently reduce the time-consuming computations required for extensive pedigrees.
In the first step, phenotypes were adjusted for a polygenic effect by applying the mixed model, but omitting the effects for add and dom. The residuals coming from this step were used as phenotypes in a subsequent linear regression. With this twostep appoach, the traits Somatic Cell Score (SCS), Milk yield (MY), Fat yield (FY) and Protein Yield (PY) were analyzed on a genomewide scale.
To validate the two-step approach, chromosome 14 (BTA14) was analyzed applying the full linear mixed model including a polygenic term as well as the coefficients for add and dom. BTA14 was chosen for this purpose, because the centromeric region of this chromosome contains a major QTL for milk production traits caused by polymorphisms in the acylCoA-diacylglycerol-acyltransferase (DGAT1) gene (GRISART et al. 2002; RIQUET et al. 1999; SPELMAN et al. 2002; THALLER et al. 2003; WELLER et al. 2003; WINTER et al. 2002) . This QTL segregates within the analyzed population and was thus used as a reference to evaluate the two-step approach as compared to a full model. Furthermore, those SNPs considered as genomewide significant at a threshold of p≤0.01 after Bonferroni-correction, were reanalyzed applying a full model including a polygenic effect and the coefficients for add and dom at the same time.
Implementation
All data handling procedures including genotype integrity checks, recoding and allele frequency calculation were performed using unix shell scripts together with the genome analysis toolset plink (PURCELL et al. 2007 ). The derivation of genotype probabilities and simulation routines as well as regression models and test statistics were realized using the R statistical environment (R DEVELOPMENT CORE TEAM 2008).
The R-script with the simulation routines as well as the R-and Shell-scripts used for data analysis can be found in Supplemental File 1. The linear mixed models were fitted using REML as implemented in ASReml 3.0 (VSN International Ltd., GILMOUR et al. 1995) .
RESULTS AND DISCUSSION
Simulations
The results of the single marker simulation scenarios are summarized in Figure 2 , illustrating the major impacts on the power to detect additive and dominance effects using genotype probabilities. All parameters under consideration substantially influenced the power of detection. Under a scenario with a heritability of 0.2 and an effect size of 0.2 ߪ with d/|a|=0.5 (scenario 1, Table 3 ), a sample size of 800,000
cows was needed to achieve a power of 0.7 for the detection of dominance effects ( animals results in a power of one for both effects under these assumptions (not shown in Figure 2 ). Using genotype probabilities, the necessary sample size is ten times as large as needed with real genotype data. This clearly reflects the decrease in power arising from the impreciseness of genotype probabilities and the need to compensate this with a larger sample size. Under realistic conditions the power is even lower, because the simulated marker was assumed to be in complete LD with the QTL and the MAF was fixed to 0.3. From Figure 2D . it arises that with the reduction of r 2 from 0.8 to 0.6 the power to detect dominance effects drops from 1 to approximately 0.5 (scenario 4, Table 3 ) when assuming a MAF of 0.5. This scenario was also carried out using the standard MAF of 0.3, but the power was considerably lower (not shown in Figure 2D .). The substantial dependency between power and LD is reflecting the fact that only parts of the QTL-variance can be explained by markers in incomplete LD. A marker showing an LD of r 2 =0.5 can capture approximately a half of the QTL effect, meaning that the sample size must be doubled to capture an effect of given size. Regarding the MAF, it can be seen from Figure 2C . that a frequency of 0.5 results in the highest power to detect dominance effects (scenario 3, Table 3 ).
This ideal situation cannot be expected under practical conditions. Thus, we set the MAF to 0.3 in the other simulations. For the additive effect, the MAF is not a limiting factor as in a sample of 100,000 cows the power equals one even for a MAF of 0.1.
However, there might be a limitation as to the strong interdependency between MAF and LD shown above. When there is incomplete LD between QTL and marker, the results are very sensitive to low minor allele frequencies. This has to be elucidated in further studies.
Another important parameter is the proportion of variance explained by the QTL (scenario 5, Table 3 ). For a given degree of dominance of d/|a|= 1, a QTL explaining ~5% of the additive genetic variance, would be detectable with a power of ~0.6 in a sample of 100,000 cows ( Figure 2E .). Assuming a heritability of 0.25, this would correspond to 1.25% of the phenotypic variance. That is a realistic value in dairy cattle (HAYES and GODDARD 2001; KHATKAR et al. 2004) leading to the conclusion that the approach should work well even for QTL with smaller effects. The power curves for additive and dominance effects as shown in Figure 2E . are congruent, because the degree of dominance was set to one. Figure 2F . shows the dependency of the power to detect dominance under different degrees of dominance for a given total QTL effect (scenario 6, Table 3 ). From the figure it can be seen that genotype probabilities calculated for a sample of 100,000 cows are sufficient to detect a degree of dominance of ~0.33 at the given total QTL effect with a power of ~0.8. Regarding the sample sizes discussed above, the detection of dominance effects even at a low degree of dominance is possible with the approach. Furthermore, Figure 2F .
impressively illustrates the inferiority of genotype probabilities in small sample sizes.
In a sample of 10,000 cows, a power of one can be achieved at d/|a|=1 with true genotypes, while the application of genotype probabilities results in a power close to illustrates the impact of 2 vs. 3 genotyped male ancestors on the power to detect dominance effects reflecting this dependency (scenario 2, Table 3 ). The inclusion of the third sire increases the power by 0.1 and 0.16 for 50,000 and 100,000 cows, respectively.
From the results of these single marker simulation scenarios it can be concluded that for traits of midrange heritability, at least strong QTL effects can be detected with markers being in LD with the QTL in the range of r²>0.4. However, the necessary sample size for detecting dominance effects is substantially larger than 100,000 cows. A reliable power to detect smaller dominance effects might under practical conditions even require a sample size of >1,000,000 cows. This is, however, not limiting. Phenotypic data sets of this size are available on the base of national evaluation and increasing reference samples in genomic selection schemes provide the necessary genotypic information. Furthermore, the simple regression approach presented herein is computationally not challenging. In reality, however, the finite number of sire-damsire combinations, representing the source of information for the genotype probabilities, will be the limiting factor in the sense of information content.
The second simulation was conducted as a multi marker scenario and focused on a more realistic population with family-based stratification. Expectedly, this led to the occurrence of false positives in addition to those arising at random as type I error. This is reflected by the specificity to detect dominance as depicted in Figure 3 . When increasing the number of daughters per sire from 50 to 5,000, the specificity drops from ~1 to ~0.85. To obtain reliable results, a correction for this stratification is necessary. A rather simple approach would be the inclusion of the fixed effect of the sire and possibly also of the grandsire. This is hampered by the fact that deduced genotypes are a direct function of ancestral genotypes. When using two ancestral generations, all cows descending from the same combination of sire and grandsire have equal genotype probabilities. Correcting for the fixed effects of sire and grandsire is thus inadequate. A valid correction is inevitably linked to the availability of a more independet source of information. A mixed model using a pedigree based relationship matrix to include a polygenic effect meets this criterion. Figure 3 outlines the impact of family sizes and correction on the specificity to detect dominance effects. Even though there is no substantial decrease in specificity with increasing family size in simulated data, the correction using the linear mixed effects model including the relationship matrix noticeably improves specificity. This is much more pronounced in real data as will be shown below, emphasizing the importance of properly accounting for stratification.
Real Data analyses
In a first attempt to validate our approach we analyzed cattle chromosome 14 (BTA14) for the trait milk yield without accounting for stratification. This chromosome was chosen, because DGAT1 located in the centromeric region is the underlying gene of a major QTL, which we attempted to detect based on genotype probabilities.
The additive effect estimators for the markers in close proximity to DGAT1 showed results correctly reflecting the strong additive effect known to originate from this locus. However, the attempt was hampered by a striking lack of specificity due to chromosomes with significant dominance effects were detected, respectively (Supplemental Table 1 ). Some chromosomal regions, especially on BTA9 and BTA22 exhibit significant dominance effects for all analyzed yield traits. To further characterize these findings, additional analyses for FY and PY were performed including MY as a covariable in the preadjustment aiming to reflect the corresponding content traits. Notably, those regions on BTA9 and 22 affecting FY, also significantly affected fat content, while those affecting PY had no significant dominance effect for protein content (data not shown). Thus, it can be concluded that the effect in PY is due to an effect on MY, while fat content is directly affected. These two chromosomes seem to harbour QTL for milk yield and fat content displaying considerable dominance effects. QTL for yield traits have been previously described on BTA 9 (WIENER et al. 2000) as well as on BTA22 (ASHWELL et al. 2004; HARDER et al. 2006) . However, these studies used genotyped sires and daughter based phenotypes and did thus not identify any dominance effects. Furthermore, significant dominance effects were detected on BTA14 within the DGAT1 region. Applying the full model as described below, a dominance effect of 0.063 phenotypic standard deviations (σ p ) along with a significant additive effect of 0.202 σ p was found for marker ARS-BFGL-NGS-100480 at 4.36 Mb. This is in general accordance with the divergent effect of the heterozygous condition compared to the mean of the homozygous states found in a study using 1,035 Holstein cows genotyped for two DGAT1 polymorphisms (KUEHN et al. 2007) .
As the dependant variables in this approach are residuals from the previous step, the effect estimators can not be interpreted readily. Thus, an analysis applying the full model is necessecary for the markers considered significant in order to obtain reliable effect estimators. This was conducted for the markers showing significant dominance effects with p≤0.01 for MY, FY and PY. The effect estimators obtained from this model are exemplarily shown for BTA9, 14 and 22 in Table 5 (see also Supplemental Table 1 Table 1 ). For none of these markers, a significant additive effect was observed when applying the full model. For each analyzed yield trait, there is at least one marker showing an additive effect of more than 0.1 σ p with p≤0.01. These effects would probably have been detectable in studies using daughter based breeding values, but the considerable dominance effects would be missed. Large scale studies using breeding values or daughter yield deviations exhibit high statistical power and have sucessfully been applied to the identification of numerous QTL in dairy cattle.
However, our results emphasize the need to use direct phenotypes in order to better understand the genetic architecture of traits.
CONCLUSION
The detection of dominance effects relies on the utilization of direct phenotypes, while classical QTL mapping approaches in dairy cattle employed breeding values of sires based on daughter performance. The implementation of Genomic Selection schemes in dairy cattle breeding provides a large number of bulls genotyped for dense genomewide marker panels. Within the current study, these genotypes were used to derive genotype probabilities in female descendants of these bulls. Using these probabilities it is possible to detect significant dominance effects on a genomewide scale relying on a large sample of phenotyped cows. Together with a two-step mixed model approach to account for relationship among animals, the approach is computationally not challenging and applicable to datasets of more than 
TABLES TABLE 1. Genotype probabilities for the dam of the cow under consideration.
The probabilities were calculated from the allele frequencies ‫)ܣ(݂‬ = ‫‬ and ‫)ܤ(݂‬ = ‫ݍ‬ and the probability of the grandsire (GS) to transmit allele A ‫)ܣ(ܲ‬ ீௌ . 
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FIGURES
FIGURE 1. Graphical representation of the pedigree structure used in the calculation of genotype probabilities. N determines the generation in relation to the cow under consideration as used in the formulas to derive probabilities. P(Genotype) with genotypes AA, AB and BB is the genotype probability and P(Allele) with alleles A and B is the transmission probability for the respective allele. Table 3 . A. Power to detect additive (add) and dominance (dom) effects conditional on sample size (scenario 1). B. Power to detect dominance effects conditional on sample size and the number of sires used in calculating genotype probabilities (scenario 2). C. Power to detect additive (add) and dominance (dom) effects conditional on the minor allele frequency (MAF) in two different sample sizes (scenario 3). D. Power to detect dominance effects conditional on sample size assuming different LD (r 2 ) between marker and QTL (scenario 4). E. Power to detect additive (add) and dominance (dom) effects conditional on the proportion of additive genetic variance explained by the QTL (ߪ ொ் ଶ /ߪ ଶ ) in two different sample sizes (scenario 5). F. Power to detect dominance effects conditional on the degree of dominance (d/|a|) and compared between true genotypes (GT) and genotype probabilities (P(GT), scenario 6). 
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